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Summary  The  amino  acid  sequences  of  primordial  enzymes  from  extinct  organisms  can  be
determined  by  an  in  silico  approach  termed  ancestral  sequence  reconstruction  (ASR).  In  the  ﬁrst
step of  an  ASR,  a  multiple  sequence  alignment  (MSA)  comprising  extant  homologous  enzymes  is
being composed.  On  the  basis  of  this  MSA  and  a  stochastic  model  of  sequence  evolution,  a  phy-
logenetic tree  is  calculated  by  means  of  a  maximum  likelihood  approach.  Finally,  the  sequences
of the  ancestral  proteins  at  all  internal  nodes  including  the  root  of  the  tree  are  deduced.  We
present several  examples  of  ASR  and  the  subsequent  experimental  characterization  of  enzymes
as old  as  four  billion  years.  The  results  show  that  most  ancestral  enzymes  were  highly  ther-
mostable  and  catalytically  active.  Moreover,  they  adopted  three-dimensional  structures  similar
to those  of  extant  enzymes.  These  ﬁndings  suggest  that  sophisticated  enzymes  were  invented
at a  very  early  stage  of  biological  evolution.
© 2016  Beilstein-lnstitut.  Published  by  Elsevier  GmbH.  This  is  an  open  access  article  under  the
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Introduction
Modern  enzymes  from  contemporary  organisms  are  sophis-
ticated  biocatalysts  transforming  their  substrates  into
products  with  high  efﬁciency  and  speciﬁcity.  However,  as
catalytic  activity  usually  requires  a  certain  degree  of  con-
formational  ﬂexibility,  the  stability  of  most  modern  enzymes
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s  only  marginal  (Jaenicke,  1991).  We  are  interested  in  how
nzyme  activity  and  stability  developed  and  changed  in  the
ourse  of  evolution.  For  this  purpose,  it  would  be  desirable
o  characterize  ancient  enzymes  from  primordial  organisms.
he  lack  of  macromolecular  fossils,  however,  seems  to  block
he  access  to  this  interesting  information.  Luckily,  there  is  a
ircumstantial  way  out  of  this  dilemma,  which  is  the  charac-
erization  of  ‘‘extinct’’  proteins  after  their  ‘‘resurrection’’
ia  ancestral  sequence  reconstruction  (ASR).
ASR  is  an  in  silico  approach  allowing  to  deduce  the
equences  of  ancient  proteins  from  the  sequences  of  homol-
gous  extant  proteins  (Liberles,  2007).  The  idea  of  ASR  is
ore  than  50  years  old  when  Pauling  and  Zuckerkandl  pos-
ulated  that  modern  proteins  contain  enough  information
o  derive  the  sequences  of  common  ancestors  (Pauling  and
uckerkandl,  1963).  However,  the  concept  of  ASR  could  only
e  realized  after  Fitch  had  implemented  the  ﬁrst  phyloge-
etic  algorithm  termed  PAUP  (phylogenetic  analysis  using
 an open access article under the CC BY license.
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Figure  1  Protocol  for  ASR.  Each  ASR  requires  four  steps  to  deduce  ancestral  sequences  from  a  set  of  extant  homologs.  (A)  A  set  of
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inequences is  retrieved  from  a  database.  (B)  These  sequences  ar
dentiﬁcation of  mutations  observed  in  the  sequences.  (C)  A  ph
D) Based  on  this  phylogenetic  tree  and  the  MSA,  ancestral  sequ
arsimony)  (Fitch,  1971).  Although  phylogenetic  models
nd  algorithms  have  considerably  improved  since  then,  the
orkﬂow  of  ASR  has  remained  essentially  the  same  (Fig.  1).
 set  of  homologous  sequences  is  put  together  in  a multiple
equence  alignment  (MSA),  which  is  the  basis  for  the  subse-
uent  calculations:  ﬁrst,  a  phylogenetic  tree  is  constructed
hose  outermost  nodes  (the  leaves)  are  represented  by  the
xtant  sequences.  After  the  calculation  of  this  tree,  the  pre-
ursor  sequences  corresponding  to  the  internal  nodes  are
eing  calculated.  These  calculations  are  commonly  based  on
 maximum  likelihood  approach  and  a  phylogenetic  model
hich  allows  for  the  sampling  of  mutational  frequencies
n  a  position-speciﬁc  residue  manner  (Merkl  and  Sterner,
016).
In  this  short  review,  we  will  ﬁrst  describe  state-of-
he  art  in  silico  methods  that  have  been  developed  for
SR.  We  will  then  provide  examples  on  how  ASR  has  been
sed  to  resurrect  ancient  enzymes  from  the  Precambrian
ra,  among  them  translation  elongation  factors  (Gaucher
t  al.,  2008),  thioredoxins  (Ingles-Prieto  et  al.,  2013;  Perez-
imenez  et  al.,  2011),  3-ispropylmalate  dehydrogenases
Hobbs  et  al.,  2015;  Hobbs  et  al.,  2012),  nucleotide  kinases
Akanuma  et  al.,  2013),  -lactamases  (Risso  et  al.,  2013;
ou  et  al.,  2015),  imidazole  glycerol  phosphate  synthase
Reisinger  et  al.,  2014),  and  ribonuclease  H1  (Hart  et  al.,
014).  We  will  conclude  by  summarizing  the  most  impor-
ant  insights  that  have  been  gained  from  these  studies  with
espect  to  our  ability  to  ‘‘replay  the  molecular  tape  of  life’’
Gaucher,  2007).
n  silico  methods  for  ASR
 detailed  introduction  into  stochastic  concepts  and  phylo-
enetic  models  that  is  needed  to  understand  modern  ASR
ethods  is  beyond  the  scope  of  this  review  and  can  beound  elsewhere;  see  (Merkl  and  Sterner,  2016)  and  refer-
nces  therein.  Here,  we  present  a  short  summary  of  the
lgorithms  required  to  deduce  phylogenetic  trees  and  ances-
ral  sequences.
Lmpiled  to  a  multiple  sequence  alignment,  which  allows  for  the
ny  is  determined;  the  extant  sequences  constitute  the  leaves.
s  are  deduced  for  all  internal  nodes  of  the  tree.
omputing  a  phylogenetic  tree  by  means  of  maximum
ikelihood
he  prerequisite  for  the  computation  of  a phylogenetic  tree
s  a  stochastic  model  that  describes  the  probability  for  DNA
r  protein  sequences  to  acquire  mutations  within  a  certain
ime  interval  ti.  For  this  purpose,  a  probability  to  acquire
ny  mutation  within  ti is  combined  with  a substitution
odel. The  latter  explains  in  detail  with  which  probability  a
ucleotide  or  amino  acid  residue  is  replaced  by  another  one.
nstead  of  using  ﬁxed  mutation  rates,  it  is  meanwhile  state
f  the  art  to  sample  these  probabilities  from  a  continuous
istribution,  which  provides  every  site  with  a  speciﬁc  rate
Susko  et  al.,  2003).
Based  on  such  a  model,  the  likelihood  of  a  tree  can  be
omputed.  Likelihood  is  the  probability  for  observing  the
ata  (i.e.,  sequences)  given  (i)  the  parameters  of  the  chosen
volutionary  model  and  (ii)  the  topology  of  the  tree  under
tudy.  Commonly,  mutations  at  different  sites  are  considered
s  independent  events.  Thus,  this  likelihood  of  a  complete
equence  is  the  product  of  all  site-speciﬁc  values.  To  explain
he  principle,  it  is  therefore  sufﬁcient  to  consider  one  site
(j)  of  a sequence  S  and  to  compute  the  likelihood  for  the
ucleotides  at  S(j)  at  each  node  of  the  tree.  If  all  time
ntervals  ti and  all  nucleotides  ei are  known  for  all  nodes
 =  1,  . .  ., 8,  the  likelihood  of  the  tree  shown  in  Fig.  2  is:
(tree) =  pe1e8 (t1)pe2e8 (t2)pe3e7 (t3)pe4e6 (t4)pe5e6 (t5)
pe6e7 (t6)pe7e8 (t7).  (1)
However,  the  states  (nucleotides)  of  the  internal  nodes
re  not  known  and  therefore  it  is  necessary  to  sum  over  all
ossible  states  (nucleotides  at  internal  nodes)  which  results(tree) =
∑
e8
∑
e7
∑
e6
pe1e8 (t1)pe2e8 (t2)pe3e7 (t3)pe4e6 (t4)
pe5e6 (t5)pe6e7 (t6)pe7e8 (t7)).  (2)
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Figure  2  An  example  of  a  phylogeny.  Leaves  representing
extant sequences  are  labeled  1—5;  internal  nodes  representing
s
F
b
e
n
i
s
t
s
e
p
o
T
T
h
a
m
s
r
(
(
(
(reconstructed  ancestral  sequences  are  labeled  6—8.  The  values
t1 to  t7 represent  the  length  of  the  vertices;  i.e., time  intervals;
example  according  to  (Pupko  et  al.,  2000).
If  we  know  all  transition  probabilities  pij,  the  likelihood
of  a  tree  can  be  computed  quite  efﬁciently  by  means  of
an  iterative  approach.  The  missing  length  of  the  edges  can
be  determined  by  means  of  expectation  maximization; for
details  see  (Felsenstein,  1981).  However,  to  ﬁnd  the  tree
with  the  maximal  likelihood,  the  topology  —  which  was  taken
as  given  so  far  —  has  to  be  optimized  as  well,  which  requires
the  creation  and  the  assessment  of  alternative  topologies  in
order  to  ﬁnd  the  optimal  one.
For  a  comparison  of  alternative  trees,  maximum  likeli-
hood  (ML)  approaches  optimize  the  value  given  in  Eq.  (2).
Unfortunately,  the  number  of  tree  topologies  grows  expo-
nentially  with  the  number  of  sequences,  which  requires  the
use  of  heuristic  approaches  to  sample  tree  space.  Com-
monly,  these  approaches  progressively  optimize  the  tree
by  examining  the  score  of  similar  trees,  choose  the  high-
est  scoring  one  as  the  next  estimate,  and  ﬁnally  stop,  if  no
further  improvement  can  be  found.
Popular  traversal  schemes  of  tree  space  create  alterna-
tive  trees  by  making  small  rearrangements  on  the  current
tree  and  examine  each  internal  branch  of  the  tree  in  turn;
for  details  see  (Whelan,  2008)  and  (Merkl  and  Sterner,  2016).
For  heuristic  algorithms  there  is  no  guarantee  to  ﬁnd  the
optimal  tree  that  has  the  maximum  likelihood.  However,  the
rearrangements  of  the  tree  topology  under  study  expand  the
area  of  searched  tree  space,  which  increases  the  probabil-
ity  of  ﬁnding  a  nearly  optimal  solution,  which  is  sufﬁcient
for  ASR.  Searching  a  wider  range  is  additionally  supported
by  computing  several  trees  in  parallel  started  from  different
points  in  tree  space.
Deducing  ancestral  sequences
After  a  tree  has  been  generated,  the  most  plausible
ancestral  sequences  can  be  deduced.  Applying  a  Bayesian
approach,  a  reconstruction  maximizes  the  probability  for
the  set  of  ancient  sequences  given  the  extant  ones  (Pupko
et  al.,  2000).  The  basic  idea  of  this  reconstruction  can
be  illustrated  by  concentrating  on  the  internal  nodes  of  a
tree  whose  topology  and  branch  lengths  are  assumed  to
be  known.  The  tree  given  in  Fig.  2  has  ﬁve  known  states
(the  content  of  the  leaves,  labeled  1—5)  and  three  unknown19
tates  (the  content  of  the  internal  nodes  labeled  6,  7,  and  8).
or  each  site  of  these  three  internal  nodes  there  are  43 com-
inations  of  nucleotides  or  203 combinations  of  amino  acids
i.  It  is  the  aim  of  an  ML  approach  to  identify  for  these  three
odes  a  triplet    with  the  largest  value  p(|data),  which  is
n  a  Bayesian  approach  the  triplet  that  maximizes
p(data|)  ·  p()
p(data)
.  (3)
Since  p(data) is  identical  for  all  candidate  triplets,  it  is
ufﬁcient  to  maximize  p(data|)  ·  p().  More  speciﬁcally,  for
his  tree  and  the  given  three  nodes  the  triplet  is  found  by
olving
max
8,e7,e6
[pe1e8 (t1)pe2e8 (t2)
pe3e7 (t3)pe4e6 (t4)pe5e6 (t5)pe6e7 (t6)pe7e8 (t7)].  (4)
The  solution  computed  for  Eq.  (4)  is  the  maximum  over  all
ossible  triplets.  For  larger  trees,  it  is  necessary  to  maximize
ver  all  internal  nodes;  see  (Pupko  et  al.,  2000) for  details.
ypical  software  protocols  for  ASR
he  basic  principles  introduced  in  the  previous  paragraph
ave  been  implemented  in  several  software  suites.  These
re  the  basis  for  software  protocols  used  in  ASR  experi-
ents.  These  protocols  differ  and  we  will  brieﬂy  illustrate
ome  typical  combinations.  Generally,  each  protocol  for  ASR
equires  four  steps  (A—D)  that  are  depicted  in  Fig.  1:
A)  Select  extant  sequences.  Commonly,  homologous
sequences  are  retrieved  from  databases  like  GenBank
or  UniProtKB,  usually  with  the  help  of  BLAST  (Altschul
et  al.,  1990).  If  the  number  of  hits  is  very  large,  highly
similar  sequences  have  to  be  eliminated,  e.g., by  using
CD-HIT  (Li  and  Godzik,  2006).
B)  Create  a  multiple  sequence  alignment.  Different
methods  are  in  use  to  create  a  MSA.  Among  them  are
Clustal  W  (Larkin  et  al.,  2007),  MUSCLE  (Edgar,  2004)
and  PRANK  (Löytynoja  and  Goldman,  2008).  Regions  of
ambiguous  alignment  can  be  removed  from  the  MSA  by
applying  GBLOCKS  (Castresana,  2000).
C)  Compute  a  phylogenetic  tree.  Current  protocols  rely
on  ML  or  Bayesian  approaches.  Frequently  used  ML
approaches  are  PAUP  (Swofford,  1984)  and  PAML  (Yang
et  al.,  1995).  Alternatively,  Bayesian  approaches  like
MrBayes  (Ronquist  and  Huelsenbeck,  2003),  PhyML
(Guindon  and  Gascuel,  2003),  and  PhyloBayes  (Lartillot
et  al.,  2009) are  in  use.
D)  Reconstruct  ancestral  sequences.  The  extant
sequences  chosen  in  step  (A)  and  the  phyloge-
netic  tree  computed  in  step  (C)  in  combination  with  a
substitutions  model  are  the  basis  for  the  computation
of  ancestral  sequences.  Frequently  used  algorithms
are  MrBayes  (Ronquist  and  Huelsenbeck,  2003),  PAML
(Yang,  1997)  or  FastML  (Pupko  et  al.,  2000).
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Application  of  ASR  for  enzyme  reconstruction
Stabilities  of  ancient  enzymes
During  the  last  decade,  ASR  has  been  applied  to  resur-
rect  a  number  of  different  ancient  enzymes.  Among  the
ﬁrst  studied  examples  were  translation  elongation  factors
from  organisms  that  thrived  ∼3.5—0.5  billion  years  (Gyr)
ago  (Gaucher  et  al.,  2008).  The  thermal  stabilities  of  the
proteins  declined  from  the  ‘‘older’’  to  the  ‘‘younger’’
proteins,  indicating  that  the  environmental  temperature
decreased  by  30 ◦C  within  this  period  of  time.  This  con-
clusion  is  supported  by  a  nearly  identical  cooling  trend
for  the  ancient  ocean  as  inferred  from  the  deposition  of
oxygen  isotopes  (Robert  and  Chaussidon,  2006).  Analogous
experiments  with  seven  pre-cambrian  thioredoxins  dating
back  between  ∼4  Gyr  and  1.4  Gyr,  among  them  the  last
bacterial  common  ancestor,  the  last  archaeal  common  and
the  archaeal-eukaryotic  common  ancestor,  provided  simi-
lar  results  (Perez-Jimenez  et  al.,  2011).  Thermal  unfolding
measurements  showed  that  the  melting  temperatures  (Tm)
of  the  ancient  proteins  were  up  to  32 ◦C  higher  than  those
of  extant  thioredoxins.  Moreover,  a  plot  of  the  Tm versus
geological  time  yielded  a  linear  decline,  corresponding  to
a  decrease  of  thermostability  corresponding  to  6 ◦C/Gyr
(Fig.  3).  Activity  measurements  showed  that  ancient  thiore-
doxins  used  the  same  reaction  mechanism  as  modern  ones
but  were  much  more  active  at  low  pH  values  (Perez-
Jimenez  et  al.,  2011).  Overall,  the  high  thermal  stability
and  the  efﬁcient  catalysis  under  acidic  conditions  seem  to
be  adaptations  of  the  ancient  thioredoxins  to  the  condi-
tions  prevailing  in  the  primordial  oceans  (Walker,  1983).  In
accordance  with  the  results  obtained  for  ancient  elongation
factors  and  thioredoxins,  reconstructed  nucleoside  diphos-
phate  kinases  from  the  last  common  ancestors  of  archaea
and  bacteria  have  Tm values  of  more  than  100 ◦C  (Akanuma
et  al.,  2013).  Taken  together,  the  results  for  these  three  pro-
tein  families  support  a  hot  environment  for  early  life  and  a
subsequent  continuous  cooling.
Figure  3  Denaturation  temperatures  (Tm)  versus  geological
time for  ancestral  thioredoxin  (Trx)  enzymes  as  well  as  for
Escherichia  coli  and  human  Trx.  The  dashed  line  represents  a
linear ﬁt  to  the  data.  Inset:  experimental  DSC  thermograms  for
Trx from  E.  coli  and  the  last  bacterial  common  ancestor  (LBCA).
Figure  taken  from  (Perez-Jimenez  et  al.,  2011).
Figure  4  Thermophilic  and  mesophilic  RNH  lineages  exhibit
opposite  stability  trends.  The  denaturation  temperatures  (Tm)
of the  maximum  likelihood  ancestors  and  ten  alternate  recons-
tructions  of  Anc1  as  a  function  of  the  evolutionary  distance  from
the last  common  ancestor,  Anc1.  Distances  are  calculated  as  the
sum of  the  branch  lengths  connecting  Anc1  to  the  protein  of
interest.  The  gray  region  deﬁnes  the  range  of  Tm values  mea-
sured for  the  Anc1  alternates,  which  appear  individually  as  gray
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igure  taken  from  (Hart  et  al.,  2014).
For  more  recent  time  spans,  the  analysis  of  four  differ-
nt  reconstructed  3-isopropylmalate  dehydrogenases  (LeuB)
rom  Bacilli  (ANC1—ANC4)  support  a  different  scenario
Hobbs  et  al.,  2012).  ANC4,  ANC3,  ANC2,  and  ANC1  are
pproximately  0.95,  0.85,  0.82,  and  0.68  Gyr  old.  Ther-
al  unfolding  curves  yielded  Tm values  in  the  following
rder:  ANC4  ∼  ANC1  >  ANC3  >  ANC2,  which  means  that  the
‘oldest’’  and  the  ‘‘youngest’’  reconstructed  proteins  are
he  most  stable  ones.  This  result  is  consistent  with  a  ﬂuctu-
ting  trend  in  thermal  evolution,  with  a  temporal  adaptation
oward  mesophily  followed  by  a  more  recent  return  to  ther-
ophily.  Due  to  the  generally  good  correlation  between  the
rowth  temperature  of  an  organism  and  the  thermostability
f  its  proteins,  the  observed  variations  in  thermostability
f  the  reconstructed  LeuB  variants  might  reﬂect  changes  in
he  microenvironment  encountered  by  the  evolving  Bacillus
pecies.  Along  similar  lines,  the  Tm value  of  the  ∼3  Gyr  old
ommon  ancestor  of  the  ribonuclease  H1  from  the  mesophile
scherichia  coli  (ecRNH)  and  the  extreme  thermophile  Ther-
us  thermophilus  (ttRNH)  lies  exactly  between  the  Tm
alue  of  ecRNH  and  ttRNH  (Hart  et  al.,  2014).  The  Tm
alues  of  intermediate  ancestors  along  the  ttRNH  lineage
ncreased  gradually  over  time,  while  the  ecRNH  lineage
xhibited  an  abrupt  drop  in  Tm followed  by  relatively  lit-
le  change  (Fig.  4).  The  observed  thermostability  patterns
re  incompatible  with  any  gradual,  long-term  trend  in  global
nvironmental  temperatures.  For  example,  an  intermediate
ncestor  that  existed  about  2  Gyr  ago,  is  only  2 ◦C  more
hermostable  than  modern  ecRNH.  The  authors  conclude
hat  their  results  are  consistent  with  the  wide  variety  of
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Figure  5  Crystal  structure  and  thermal  stability  of  LUCA-HisF  (Reisinger  et  al.,  2014).  (A,  B)  Ribbon  diagram  with  a  view  onto  the
catalytic face  (A)  and  the  stability  face  (B)  of  the  ()8-barrel  (Sterner  and  Höcker,  2005).  The  eight  central  -strands  are  depicted
in light  blue,  and  the  eight  surrounding  -helices  are  depicted  in  light  orange.  Two  essential  aspartate  residues  and  two  phosphate
 shown  in  (B).  (C,  D)  Thermal  denaturation  as  monitored  by  far-UV
(D).  The  apparent  Tm-values  are  indicated.
Figure  6  Generalist-to-specialist  conversion  of  -lactamases
as illustrated  by  the  catalytic  efﬁciencies  (kcat/Km)  for  ben-
zylpenicillin  and  cefotaxime.
R
C
t
(molecules are  shown  in  (A)  and  a  conserved  salt  bride  cluster  is
circular dichroism  (C)  and  by  differential  scanning  calorimetry  
temperature  niches  populated  by  both  ancient  and  modern
microorganisms  and  claim  that  the  tracking  of  the  Tm of  any
individual  protein  is  an  unreliable  way  to  estimate  long-term
trends  in  global  environmental  temperatures  (Hart  et  al.,
2014).
Structures  and  activities  of  ancient  enzymes
The  crystal  structure  analysis  of  seven  resurrected  thiore-
doxins  dating  back  to  4  Gyr  showed  that  the  ancestral
proteins  display  the  canonical  thioredoxin  fold,  whereas
only  small  structural  changes  have  occurred  over  this
extremely  long  period  of  time.  These  ﬁndings  indicate  that
the  thioredoxin  fold  is  a  molecular  fossil  and  conﬁrm  that
protein  structures  evolve  very  slowly  (Ingles-Prieto  et  al.,
2013);  a  conclusion  that  is  further  supported  by  the  crystal
structures  of  -lactamases  (Risso  et  al.,  2013)  and  nucleo-
side  kinases  (Akanuma  et  al.,  2013).  Moreover,  the  last
universal  common  ancestor  of  the  cyclase  subunit  of  imid-
azole  glycerol  phosphate  synthase  (LUCA-HisF)  does  not
only  display  a  similar  ()8-barrel  structure  as  modern  HisF
enzymes  and  a  high  thermal  stability  (Fig.  5)  but  also  a  highly
conserved  folding  mechanism  (Reisinger  et  al.,  2014).
A  popular  model  postulates  that  ancient  enzymes
were  capable  of  catalyzing  similar  reactions  in  different
metabolic  pathways  (Jensen,  1976),  which  implies  that
they  processed  several  substrates  in  a  promiscuous  man-
ner  (Khersonsky  and  Tawﬁk,  2010).  The  analysis  of  four
ancient  -lactamases  seems  to  support  this  idea  (Risso  et  al.,
2013):  activity  assays  showed  that  these  enzymes  hydrolyzed
various  -lactam  antibiotics  with  catalytic  efﬁciencies  sim-
ilar  to  those  of  an  average  modern  enzyme.  In  contrast,
m
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aeprinted  (adapted)  with  permission  from  (Risso  et  al.,  2013).
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he  extant  -lactamase  TEM-1  only  hydrolyzes  penicillin
Fig.  6).  Since  the  active  sites  are  highly  conserved  between
odern  and  ancient  -lactamases,  the  different  activities
ight  be  due  to  altered  structural  dynamics.  In  accordance
ith  this  idea,  molecular  dynamics  simulations  yielded  high
ctive  site  rigidity  for  modern  -lactamases  whereas  the
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ncestral  enzymes  appeared  to  be  much  more  ﬂexible,
hich  might  allow  them  to  bind  antibiotics  with  different
izes  and  geometries  (Zou  et  al.,  2015).
However,  promiscuity  seems  not  to  be  a  general  feature
f  ancient  enzymes.  For  example,  LUCA-HisF  is  a  speciﬁc
nzyme,  which  transforms  its  native  substrates  into  prod-
cts  with  high  efﬁciency.  In  contrast,  it  does  not  accept
imilar  substrates  from  the  two  related  isomerases  HisA  or
rpF,  neither  in  vitro  nor  in  vivo  (Reisinger  et  al.,  2014).
oreover,  LUCA-HisF  forms  a  functional  complex  with  the
lutaminase  subunit  HisF  of  an  extant  imidazole  glycerol
hosphate  synthase  and  binds  to  reconstructed  LUCA-HisH
ith  high  afﬁnity.  Along  the  same  lines,  the  reconstructed
ucleoside  diphosphate  kinases  from  the  last  common  ances-
ors  of  bacteria  and  archaea,  respectively,  are  catalytically
s  efﬁcient  as  their  modern  counterparts  (Akanuma  et  al.,
013).  Similar  steady-state  kinetic  parameters  were  also
etermined  for  the  ancient  LeuB  variants  ANC1—ANC4  and
xtant  LeuB  enzymes  (Hobbs  et  al.,  2012).
onclusion
he  high  thermostability  of  ancestral  enzymes  suggests  that
recambrian  life  was  thermophilic,  which  is  in  accordance
ith  several  scenarios,  including  that  ancestral  oceans  were
ot,  that  ancient  life  prospered  in  hot  spots  like  hydro-
hermal  systems,  or  that  only  robust  thermophilic  organism
urvived  bombardment  of  the  young  earth  (Risso  et  al.,
014).
The  high  similarity  between  the  crystal  structures  of  Pre-
ambrian  enzymes  and  their  corresponding  extant  proteins
ndicates  a  relatively  slow  evolution  of  protein  structure  in
ontrast  to  their  amino  acid  sequences.  These  congruencies
ere  observed  for  several  ancient  enzymes  (Akanuma  et  al.,
013;  Hart  et  al.,  2014;  Hobbs  et  al.,  2012;  Ingles-Prieto
t  al.,  2013;  Reisinger  et  al.,  2014;  Risso  et  al.,  2013) and
his  slow  innovation  rate  might  explain  the  limited  number
f  protein  folds  observed  in  nature  (Chothia,  1992).
The  observed  activities  and  non-promiscuities  of  recon-
tructed  enzymes  are  compatible  with  the  idea  that  the
volution  of  many  highly  efﬁcient  enzymes  and  enzyme  com-
lexes  has  already  been  completed  in  the  LUCA  era.  In
ummary,  enzymes  that  were  encoded  in  the  genome  of  the
UCA  (Mirkin  et  al.,  2003)  possessed  most  likely  many  of
he  fundamental  features  present  in  modern  organisms  and
xhibited  a  level  of  sophistication  comparable  to  that  found
n  modern  bacteria  or  archaea.
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